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Abstract

The utilization of conversational AI systems
by leveraging Retrieval Augmented Generation
(RAG) techniques to solve customer problems
has been on the rise with the rapid progress
of Large Language Models (LLMs). How-
ever, the absence of a company-specific ded-
icated knowledge base is a major barrier to
the integration of conversational AI systems
in contact centers. To this end, we introduce
AI Knowledge Assist, a system that extracts
knowledge in the form of question–answer
(QA) pairs from historical customer-agent con-
versations to automatically build a knowledge
base. Fine-tuning a lightweight LLM on in-
ternal data demonstrates state-of-the-art per-
formance, outperforming larger closed-source
LLMs. More specifically, empirical evalua-
tion on 20 companies demonstrates that the
proposed AI Knowledge Assist system that
leverages the LLaMA-3.1-8B model can elim-
inate the cold-start gap in contact centers
by achieving above 90% accuracy in extract-
ing information-seeking question-answer pairs
from conversations. This enables immediate
deployment of RAG-powered chatbots.

1 Introduction

Generative AI can revolutionize many industries,
including the contact center industry1. With the
growing demand for high-quality customer service,
contact centers are constantly seeking ways to im-
prove their processes (Laskar et al., 2023b). One
way to achieve this goal is by building conversa-
tional agents to help answer customer questions
(Ferraro et al., 2024). Although in real-world sce-
narios, contact center virtual agents often rely on a
comprehensive knowledge base of question-answer
(QA) pairs to handle customer inquiries, many en-
terprises may face a cold start problem if informa-
tion (e.g., help center articles) related to customer

1https://www.salesforce.com/ca/service/
contact-center/ai/

Figure 1: An example of knowledge extracted from
transcripts in the form of QA pairs.

questions are not found in the knowledge base, or if
the contact center does not have a knowledge base
to begin with (Zheng et al., 2023b). This severely
limits the adoption of conversational AI agents
in industries. Meanwhile, building a knowledge
base from scratch is time-consuming and deters the
adoption of such conversational AI systems.

Nonetheless, contact centers may possess a
wealth of customer service conversation logs (call
transcripts and chat histories) that contain repeated
information-seeking questions alongside their res-
olutions (Laskar et al., 2023b). Turning past in-
teractions in such historical conversations into an
FAQ-style knowledge repository can be useful to
develop a knowledge base off the shelf (Agrawal
et al., 2024). This may result in more adoption
of the chatbot feature, increasing agent efficiency
by handling customer concerns with the help of a
dedicated knowledge base, which may ultimately
lead to improving customer satisfaction.

In this paper, we address the cold start problem
in conversational AI agents. To this end, we present
AI Knowledge Assist, a Generative AI-powered
system that automatically builds knowledge bases
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Figure 2: An overview of our proposed AI Knowledge Assist. First, QA pairs are extracted from historical transcripts. Then
clustering is applied to group similar QA pairs. Finally, from each cluster, representative QA pairs are constructed and then
recommended for the knowledge base (a knowledge manager may review the recommended knowledge before insertion)

from past conversations. More specifically, we
leverage cost-effective LLMs (Wan et al., 2024) to
analyze historical customer-agent conversations to
extract knowledge in the form of QA pairs (see Fig-
ure 1 for an example) and save them in a knowledge
base to address the cold start problem. This paper
contains a detailed description of our development
and evaluation methodology to deploy AI Knowl-
edge Assist in real-world contact centers to address
customer concerns. Extensive experiments on real-
world datasets demonstrate that the proposed AI
Knowledge Assist system can significantly boost
the capabilities of Contact Center AI chatbots to
better handle customer concerns.

2 Related Work

The recent success of LLMs in zero-shot scenarios
in a wide range of tasks (Laskar et al., 2023a) has
opened the avenue for new application areas in
real-world industrial settings (Zhang et al., 2025;
Otani et al., 2025). This inspires researchers and
practitioners to use LLMs in solving complex tasks
that require the analysis of noisy conversational
transcripts (Saini et al., 2025; Laskar et al., 2023c,
2024b). Moreover, since LLMs generate human-
like responses, the development of conversational
AI agents is also on the rise2.

Nonetheless, prior studies on building conversa-
tional AI agents have several limitations: (i) miss-
ing discussions on how to tackle the cold start prob-
lem when organizations do not have a dedicated
knowledge base (Agrawal et al., 2024; Xu et al.,
2024), (ii) requiring human-annotated large train-
ing datasets (Zheng et al., 2023b) to build models

2https://www.genesys.com/definitions/
what-is-conversational-ai-for-call-centers

for information extraction from transcripts, which
is difficult to obtain in real-world industrial scenar-
ios (Fu et al., 2022), (iii) limiting the evaluation
only on chat logs (Zheng et al., 2023b), ignoring
noisy voice transcripts (Fu et al., 2022).

With prior research demonstrating that LLMs
are effective in analyzing noisy conversational tran-
scripts (Laskar et al., 2023c), in this paper, we
propose AI Knowledge Assist, a system that lever-
ages LLMs to analyze the call transcripts in contact
centers and extracts relevant knowledge from these
conversational data in the form of QA pairs. The
extracted QA pairs are then stored in a knowledge
base to address the cold start problem. Contrary
to prior work, our study focuses on addressing the
cold start problem in real-world industrial scenar-
ios, with the system being entirely developed in a
cost-effective manner from noisy transcripts.

3 Our Proposed Approach

The AI Knowledge Assist system employs a three-
stage pipeline, as demonstrated below (also see
Figure 2).

3.1 Knowledge Extraction from Transcripts

The initial step focuses on extracting potential ques-
tion and answer pairs from historical call tran-
scripts. Given a call transcript, an LLM is prompted
to extract information-seeking questions from cus-
tomers alongside the corresponding answers pro-
vided by the agents. Since we utilize voice tran-
scripts, the LLM is also instructed to rewrite the
question and the answer instead of mere extraction
when needed, such that the QA pairs can be under-
stood without reading the full conversation. The
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LLM is expected to extract the QA pair as follows:

{(Qi, Ai)}N(T )
i=1 = LLM(T ; θ) (1)

Here, model parameters are denoted by θ, which
simultaneously extracts and rewrites each QA pair.
N(T ) is the number of QA pairs that the model
finds in the transcript T , and (Qi, Ai) denotes the
i-th QA pair. In this way, we extract QA pairs from
M transcripts (T1, T2, . . . , TM ).

3.2 Clustering for Deduplication
Once QA pairs are extracted from different tran-
scripts, they may exhibit redundancy (e.g., seman-
tically similar QA pairs may appear in multiple
transcripts). If it is not managed, the knowledge
base may contain many redundant QA pairs. There-
fore, our second step involves clustering these QA
pairs into semantically similar groups to facilitate
the deduplication and filtering of closely related
QA pairs. For this purpose, we first measure the
pairwise cosine distance between the question em-
beddings of every QA pair as follows:

dist(qi, qj) = 1− qi · qj
∥qi∥ ∥qj∥

(2)

Here, qi and qj denote the embeddings of the ques-
tions in the ith and jth QA pairs. Finally, a clus-
tering algorithm is applied to group the QA pairs
by minimizing the intra-cluster distance and maxi-
mizing the inter-cluster distance.

3.3 Recommending Representative QA Pairs
In the final step, we again leverage an LLM to pro-
cess each cluster of QA pairs. For each cluster, the
model selects one or more representative QA pairs
that best encapsulate the information in that cluster.
This step serves a dual purpose: deduplication and
filtering, by ensuring that highly similar questions
don’t lead to redundant entries; and recommenda-
tion, by proposing well-formed informative QA
pairs for inclusion in the final knowledge base. The
representative QA pairs in the kth cluster can be
defined as follows:

Rk = LLM
(
Ck; θ

)
(3)

Here, Ck is the k-th cluster in the 1, . . . ,K clusters
of QA pairs, LLM( · ; θ) denotes the LLM with pa-
rameters θ, and Rk is the set of representative QA
pairs selected for that cluster. These representative
pairs can either be directly inserted into a knowl-
edge base or recommended to a Knowledge Man-
ager for human review before final incorporation
into the knowledge base.

4 Experimental Settings

4.1 Dataset

We collected real-world data over a month (Novem-
ber 2024) from contact centers across 20 client
companies of Dialpad3 that consist of customer-
agent call conversation transcripts generated using
Automatic Speech Recognition systems. On aver-
age, each transcript contains 855 words. To ensure
customer data privacy, the dataset is anonymized
using Google Cloud Data Loss Prevention4 ser-
vice. Note that in real-world settings, obtaining
human-annotated data is challenging, which be-
comes even more difficult in the context of noisy
business conversations (Laskar et al., 2022). Con-
sidering these challenges, alongside the customer’s
data privacy concerns, we annotate our collected
dataset using the Gemini-2.5-Pro5 model by follow-
ing our proposed approach: (i) QA pair extraction
from transcripts using Gemini-2.5-Pro, (ii) Clus-
tering the extracted QA pair using the DBSCAN
algorithm (Schubert et al., 2017) on the question
embeddings generated by the BGE-Large6 (Chen
et al., 2024) model, and finally (iii) Representative
QA pair selection using the Gemini-2.5-Pro model.
In this way, we annotate 27500 instances: 12500
for knowledge extraction (5500 for training and
7000 for evaluation) and 15000 for the recommen-
dation of representative QA pairs (2500 for training
and 12500 for evaluation).

4.2 Model Selection

Since our focus is to deploy this solution in a real-
world industrial setting, we select the model to
develop the system that can achieve good accu-
racy with faster inference speed and low cost (see
Appendix A.1 for cost analysis). Therefore, by
considering the accuracy and efficiency of open-
source LLMs in real-world settings (Laskar et al.,
2023c; Fu et al., 2024), we select the LLMs for
knowledge extraction and final recommendation
that has at least 7B parameters (and does not ex-
ceed 10B parameters). More specifically, we used
the LLaMA-3.1-8B (Dubey et al., 2024) model
due to its widespread utilization in real-world in-
dustrial applications (Khasanova et al., 2025; Fu
et al., 2025). For closed-source models, the most
cost-effective versions are also preferred. More

3https://www.dialpad.com/
4https://cloud.google.com/security/products/
5https://deepmind.google/models/gemini/pro/
6https://hf.co/BAAI/bge-large-en-v1.5
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Model Precision Recall F1-Score ROUGE-1 ROUGE-2 ROUGE-L BERTScore # QA Pairs

Knowledge-Assist-8B-SFT 84.88 84.85 84.86 41.26 19.68 23.87 60.12 24K

LLaMA-3.1-8B-Instruct 58.29 57.98 58.13 42.37 18.25 25.38 60.80 24K
DeepSeek-R1-LLaMA-8B 51.43 48.10 49.71 39.79 15.45 22.49 58.58 21K

GPT-4o-Mini 74.62 68.68 71.53 49.13 23.79 29.09 67.95 22K
Gemini-2.0-Flash 82.29 60.31 69.60 47.14 24.19 28.59 62.81 18K
Gemini-2.0-Flash-Lite 72.30 58.81 64.86 47.07 23.70 28.81 62.09 20K
Gemini-2.5-Flash-Lite 76.72 70.88 73.68 54.17 25.42 28.74 66.86 22K

Table 1: Performance in the Knowledge Extraction from Transcripts step. Here, ‘#’ denotes the number of extracted QA pairs.

Model Precision Recall F1-Score # QA Pairs

Knowledge-Assist-8B-SFT 91.4 92.2 91.8 14K
Gemini-2.5-Flash-Lite 81.1 78.1 79.6 13K

Table 2: End-to-End Performance based on Final Recom-
mendation of Representative QA Pairs. Here, ‘#’ denotes the
number of representative QA pairs that are recommended.

specifically, we select the mini7 versions from Ope-
nAI and the Flash8 versions from Google’s Gemini
series models. For clustering, we use the DBSCAN
(Schubert et al., 2017) algorithm with BGE-Large
(Xiao et al., 2024; Chen et al., 2024) embeddings
since it demonstrates better performance than other
approaches (e.g., K-Means (Lloyd, 1982)) when
evaluated in our data (see Appendix A.2)

4.3 Implementation
For the open-source models, we use HuggingFace
(Wolf et al., 2020) for implementation, and use
the respective API providers for the closed-source
models. For supervised fine-tuning, we use the
LLaMA-3.1-8B model. A total of 3 epochs were
run, with the maximum sequence length being set
to 8000 tokens: 4000 for input and 4000 for output.
The learning rate was tuned between 2e − 4 and
2e − 6 (inclusive). For response generation, we
use the default decoding parameters of each model
(HuggingFace for open-source, and the official API
of OpenAI and Google Gemini for closed-source),
but keep the input and output token limits similar to
what we use for fine-tuning. All experiments were
run on a machine using 8 NVIDIA A100 GPUs.

4.4 Evaluation Settings
Since our dataset is annotated by Gemini-2.5-Pro,
we did not limit the evaluation of our models within
reference-wise metrics like ROUGE (Lin, 2004) or
BERTScore (Zhang et al., 2019) due to the pos-
sibility of the presence of bias in our fine-tuned
models when compared with Gemini annotations.

7https://openai.com/index/
gpt-4o-mini-advancing-cost-efficient-intelligence/

8https://deepmind.google/models/gemini/flash/

Inspired by the success of LLMs-as-the-judge (Gu
et al., 2024; Laskar et al., 2024a, 2025), we also pro-
pose the use of an LLM judge for the evaluation of
LLM-generated outputs in reference-free settings.
To avoid any self-enhancement bias (Zheng et al.,
2023a; Ye et al., 2024) for the models trained using
our Gemini-2.5-Pro annotated training data, we did
not use Gemini series models as the judge. Instead,
we use GPT-4o (OpenAI, 2023) as the judge due to
its effectiveness in various evaluation tasks (Xiong
et al., 2025). We specifically instructed the LLM
judge to evaluate the following:

(i) For the knowledge extraction step, identify
the number of QA pairs extracted correctly from
the given transcript by following the rules.

(ii) For the final recommendation step, identify
the number of representative QA pairs extracted
correctly from the given cluster following the rules.

Based on the above information, we compute
the Precision, Recall, and F1 scores. For clus-
tering models’ evaluation, we use the Silhouette
(Rousseeuw, 1987) metric.

4.5 Prompt Construction

To construct prompts for the knowledge extraction
step and knowledge recommendation step, as well
as for their evaluation using an LLM judge, we con-
duct extensive prompt engineering on some sam-
pled data to select the best prompt. The selected
prompts that we use throughout our experiments
can be found in Appendix A.3.

5 Results and Discussions

In this section, we present our experimental find-
ings. We denote our supervised fine-tuned (SFT)
model based on LLaMA-3.1-8B as Knowledge-
Assist-8B-SFT and compare its performance with
various cost-efficient open-source (LLaMA-3.1-
8B-Instruct and Deepseek-Distilled-R1-LLaMA-
8B) and closed-source (GPT-4o-Mini and Gemini-
Flash) LLMs. The results of our experiments, as
detailed below, highlight the performance of our
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Figure 3: F1-Score per Company type for the Knowledge-
Assist-8B-SFT model in terms of the Final Recommended
Representative QA Pairs.

proposed system in the key stages of knowledge
extraction and recommendation.

5.1 Performance on Knowledge Extraction
from Transcripts

As shown in Table 1, our fine-tuned model,
Knowledge-Assist-8B-SFT, which utilizes the
LLaMA-3.1-8B as the backbone, achieves the best
performance in the knowledge extraction task in
terms of Precision, Recall, and F1-Score, out-
performing both closed-source and open-source
zero-shot baselines. More specifically, our model
achieved an F1-Score of 84.86%, surpassing
GPT-4o-Mini (71.53%) and Gemini-2.5-Flash-Lite
(73.68%). This indicates the efficacy of fine-tuning
on larger LLM-annotated internal datasets for this
task. In the reference-wise setting, some closed-
source models like Gemini-2.5-Flash-Lite show
strong performance in terms of automatic metrics
(i.e., ROUGE and BERTScore). However, the ref-
erences in our evaluation dataset were annotated
by the most powerful model in the Gemini series,
the Gemini-2.5-Pro model. On the contrary, our
Knowledge-Assist-8B-SFT model maintains a com-
petitive edge in the reference-free setting when
evaluated by an independent LLM-Judge (i.e., GPT-
4o). These findings encourage the use of reference-
free metrics in real-world settings to mitigate biases
in evaluation datasets when the datasets are anno-
tated using LLMs.

5.2 Clustering Results for Deduplication

The next step in our AI Knowledge Assist system
is clustering, where we group similar QA pairs
in the same cluster based on the similarity be-
tween question-question embeddings. We select
the top two models (Knowledge-Assist-8B-SFT

Model P R F1

Knowledge-Assist-8B-SFT 84.88 84.85 84.86
- replace backbone (LLaMA-3.1-8B with Qwen3-8B) 77.12 72.48 74.73
- replace annotator (Gemini-2.5-Pro with GPT-4o) 80.45 55.89 65.95

Table 3: Impact of Model choice on the Knowledge Extrac-
tion step. Here, ‘P’ and ‘R’ denote ‘Precision’ and ‘Recall’,
respectively.

model, and Gemini-2.5-Flash-Lite model) from the
knowledge extraction step (see Table 1) to group
the extracted QA pairs that are semantically similar
within the same cluster using DBSCAN (Schubert
et al., 2017) with BGE-Large Embeddings (Chen
et al., 2024). From our clustering experiments, we
find 1578 clusters for the Gemini-2.5-Flash-Lite
model and 1429 clusters for the Knowledge-Assist-
8B-SFT model. All the QA pairs in each cluster
are then given as input to the LLM to construct
the representative QA pairs which are then recom-
mended for insertion in the knowledge base. In the
following, we present our findings for the final and
most crucial step of our system, recommending
representative QA pairs for the knowledge base.

5.3 Performance on Recommending
Representative QA Pairs

In this section, we present the end-to-end perfor-
mance of our AI Knowledge Assist system in Ta-
ble 2 and find that the Knowledge-Assist-8B-SFT
model again demonstrates superior performance by
achieving an impressive F1-Score of 91.8%, outper-
forming the Gemini-2.5-Flash-Lite, which scored
79.6%. The high precision and recall in the final
stage are critical, as they ensure that the knowl-
edge base is populated with accurate and relevant
information, directly impacting the performance
of the conversational AI agent. Overall accuracy
above 90% confirms that our system can effectively
bridge the cold start gap for companies. We also
find that for the majority of the companies, the
F1-Score is also above 90% (see Figure 3).

5.4 Impact of Model Choice

We conduct some experiments to investigate the
importance of model selection:

(i) Does the backbone model choice for fine-
tuning impact the performance?

(ii) Does the annotator model variation impact
the performance?

Table 3 presents the results of our experiments.
We find that replacing the model from LLaMA-3.1-
8B with Qwen3-8B (Yang et al., 2025) resulted
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Model Human Preference Total Approved

Knowledge-Assist-8B-SFT 25% 107
Gemini-2.5-Flash-Lite 17% 98

Table 4: Results based on Human Evaluation on Final Rec-
ommended QA Pairs. Here, 58% of the responses in the
preference test were rated as ‘Tie’ by Humans.

in a notable drop in all metrics, with the F1-score
being dropped to 74.73%, underscoring the impor-
tance of the choice of the base model. Furthermore,
when we replaced our data annotator from Gemini-
2.5-Pro to GPT-4o, the performance of the model
trained on this data decreased significantly to a
65.95% F1-Score. This underscores the importance
of model choice for data annotation.

5.5 Human Evaluation

We further conduct human evaluations on the
final representative QA pairs recommended by
Knowledge-Assist-8B-SFT and Gemini-2.5-Flash-
Lite. For human evaluation, we randomly select
100 conversations to check the following:

(i) Which model-recommended QA pairs are
preferred by humans (‘Tie’ if both are preferred)?

(ii) How many of the final recommended QA
pairs are approved by humans (this mimics real-
world scenarios where knowledge base managers
would approve the final recommended QA pairs)?

(iii) What is the agreement between LLM Judge
and Human judgments on the final recommended
pairs (we measure the exact match between the
number of representative QA pairs recommended
for each transcript that are annotated as correct by
both the LLM Judge and the Human Annotator)?

This evaluation was conducted by two humans
having expertise in data science and computational
linguistics. Based on the results presented in Ta-
ble 4, we find that in 25% cases, Knowledge-
Assist-8B-SFT recommended QA pairs are pre-
ferred. On the contrary, only in 17% of cases
the Gemini-2.5-Flash-Lite recommended QA pairs
are preferred. Moreover, the number of final rec-
ommended QA pairs that are accepted by the hu-
man evaluators for storing in the knowledge base
is 107 for Knowledge-Assist-8B-SFT, while 98
for Gemini-2.5-Flash-Lite. Therefore, the fine-
tuned model also demonstrates superiority based
on human evaluation, similar to the LLM-judge.
Furthormore, we find about 90% agreement be-
tween human-annotated judgments and GPT-4o
judgments, indicating the reliability of using GPT-
4o as the LLM Judge (see Appendix A.4 for some

Figure 4: A simple demo of AI Knowledge Assist.

examples of LLM Judge error cases). We also
conducted the Wilcoxon signed-rank test (Wool-
son, 2007) on the number of approved QA pairs
for each model across the 100 samples. With
our knowledge-assist-8B-SFT model generating
a higher number of approved pairs compared to
the baseline model, we find that this difference is
statistically significant (p ≤ 0.05). These
findings further provide strong evidence that our
system outperforms the baseline in producing con-
tent that human evaluators consider correct and
valuable for adding to a knowledge base.

6 Real World Deployment and Utilization

We deploy the AI Knowledge Assist system using
Kubeflow on the Google Vertex AI Platform9 (re-
quires 1 L4 GPU). This setup enables automatic
execution of the entire system, from data process-
ing to model inference. We show a simple demon-
stration of AI Knowledge Assist in Figure 4 where
the users select the contact center and the time-
frame, and then the Kubeflow pipeline automati-
cally analyzes all transcripts in the given timeframe
to recommend QA pairs for the knowledge base.

A key feature of the deployed system should be
the ability for the knowledge base to self-update.
This can be achieved by continuously processing
new call transcripts to extract potential new QA
pairs. After applying clustering to construct rep-
resentative QA pairs from the extracted QA pairs,
the questions in the representative QA pairs can
be compared against the existing questions in the
knowledge base by measuring question-question
similarity using embeddings. If the similarity score
is below a predefined threshold, it indicates a signif-
icantly different new customer issue. In such cases,
the newly extracted QA pair can be flagged and
automatically added to the knowledge base or, for
higher-quality control, routed to a Knowledge Man-
ager for review. Moreover, the answer-answer sim-
ilarity can also be measured for similar questions,
and if the similarity score is below a pre-defined
threshold, it may indicate that the answer in the
knowledge base is obsolete (e.g., changes in the

9https://cloud.google.com/vertex-ai
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feature/product). This self-updating mechanism
ensures that the knowledge base remains current
and continuously improves over time by adapting
to new customer issues and product changes.

7 Conclusion

In this paper, we presented AI Knowledge Assist, an
LLM-powered system that addresses the cold start
problem in conversational AI agents.With exten-
sive experiments, we find that our proposed system
demonstrates significant effectiveness in automat-
ically creating a knowledge base from historical
conversation transcripts. This allows contact cen-
ters without an existing knowledge base to still
build conversational AI systems by leveraging AI
Knowledge Assist. Moreover, we discuss how such
systems can be reliably developed, evaluated, and
deployed, which can lead to an improved customer
experience and agent performance by allowing con-
versational agents to resolve customer issues more
effectively and efficiently by leveraging the con-
structed knowledge base. In the future, we will
build new benchmarks to study how to efficiently
update existing knowledge bases.

Limitations

As our models are trained on customer-agent con-
versations, they might not be suitable for use in
other domains without further prompt engineering
or fine-tuning. Since in this work, we use propri-
etary data for the development and evaluation of
the system, the dataset is not released. However, to
maximize methodological reproducibility, we have
provided extensive details, including the specific
open-source models being used, fine-tuning param-
eters, and the full verbatim prompts that we used
in our experiments.

Ethics Statement

• Compensation for Human Evaluation:
Human evaluation was performed by internal
scientists who have expertise in computa-
tional linguistics. Therefore, no additional
compensation was required. Moreover, our
in-house employees conducted the human
evaluation because of the challenging nature
of our proprietary datasets, which contain
noisy business conversational transcripts
generated by our internal ASR system.

• Data Privacy: There is a data retention
policy available that allows the user to not
grant permission to use their call transcripts
for model development. To protect user
privacy, sensitive data such as personally
identifiable information (e.g., credit card
number, phone number) was removed while
collecting the data.

• License: We maintained the licensing require-
ments accordingly while using different tools
(e.g., HuggingFace).
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A Appendix

A.1 Cost Analysis
All open-source models in this study have fewer
than 10 billion parameters and fit comfortably on
a single NVIDIA L4 GPU (Laskar et al., 2023c).
For proprietary models, Gemini-2.0-Flash-Lite is
the most cost-effective at $0.075 per million to-
kens for input and $0.30 for output. Gemini-2.0-
Flash costs $0.15 for input and $0.60 for output.
We omit Gemini-2.5-Flash due to its much higher
$0.30 / $2.50 pricing. Among the OpenAI models,
GPT-4o-mini is modestly higher at $0.15 / $0.60,
whereas our evaluation model GPT-4o costs $2.50
/ $10. For data annotation, we rely on Gemini-2.5-
Pro at $1.25 / $10 per million tokens.

A.2 Clustering Model Evaluation
For clustering, we compare the DBSCAN (Schu-
bert et al., 2017) with K-Means (Lloyd, 1982) us-
ing the Silhouette (Rousseeuw, 1987) metric. By
comparing various embedding models, we find that
BGE embeddings (Xiao et al., 2024; Chen et al.,
2024) work best by ensuring both efficiency and
accuracy. Based on the results given in Figure 5
using the best configurations for different BGE em-
bedding models with the minimum sample size of
2 per cluster, we find that the DBSCAN algorithm
performs much better than K-Means. Moreover,
DBSCAN automatically determines the number of
clusters, a significant advantage given the varying
call volumes across companies and the high hetero-
geneity of underlying cluster structures. In contrast,
the K-Means method requires a predefined num-
ber of clusters k, making it unsuitable for datasets
whose optimal number of clusters is unknown.
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A.3 Sample Prompts

The sample prompts for the LLMs for Knowledge
Extraction and Recommendation, as well as for
evaluation using LLM Judge, are given below.

Prompt: Knowledge Extraction from
Transcript using LLMs

You are given a call transcript that has two speakers:
“Customer” (the person seeking help) and “Agent”
(the customer service representative).

Your goal is to extract factually correct high-quality
knowledge from this call in the form of “questions”
and “answers” that will be uploaded to a knowledge
base such that if similar questions are asked by a
customer in a future conversation, the knowledge
base can be used to address the customer concern.

Since the transcript may contain stilted or colloquial
phrasing due to being transcribed from spoken
audio, you can rewrite the knowledge (i.e., QA
pair) extracted from the conversation such that the
extracted knowledge is human-readable.

For knowledge extraction, you should follow these
rules:

1. Only extract the knowledge that is non-sensitive
and does not contain personally identifiable in-
formation (PII).

2. The extracted knowledge should be general,
information-seeking in nature and applicable to
future customers with similar needs. Chit-chats
or rapport-building type questions that are not
information-seeking should be avoided.

3. Do not extract those answers that are time sen-
sitive. For instance, if an answer is only appli-
cable till a certain date, ignore such types of
knowledge extraction.

4. If the question is related to any product, then
the product name must be mentioned in the se-
lected QA pairs such that they are understand-
able when added to the knowledge base.

Output Format:
Only return a JSON array of objects without any
additional text, where each object has three keys: (i)
“Question”, (ii) “Answer”, and (iii) Justification.

In the above, “Justification” refers to the rationale
behind why the specific “Question” and “Answer”
pairs are selected and how they strictly follow all the
rules. In addition, “Justification” may also contain
some snippets from the conversation transcript
that support the extracted knowledge (i.e., the
Question-Answer pairs). If no knowledge pair is
extracted, just return an empty JSON array.

Transcript:
[Call Conversation Transcript]

Prompt: Recommending Representative
QA Pairs

You are given a cluster of question-answer (QA) pairs. The cluster
is constructed in a way such that similar questions are grouped
together in the same cluster. These QA pairs are extracted from
different customer-agent conversations and will be stored in a
company knowledge base.

In this task, your goal is to filter the QA pairs in the cluster by
constructing representative QA pairs. For this purpose, you should
follow the following rules:

1. No Duplicates: If there are multiple duplicate QA pairs in the
cluster, only extract the QA pair that can be the representative
for this cluster.

2. Rewrite or Extract: The representative QA pairs can either
be extracted directly from the cluster, or you can rewrite
them if that makes them better understandable.

3. Not time-sensitive: QA pairs that are only applicable for a
certain time period (e.g., if something is due today) cannot
be representative.

4. Non-personalized: QA pairs that are specific to certain
customers or contain PII information, like account-specific
details (e.g., billing info, addresses) cannot be representative.

5. Universal: QA pairs that are not general and cannot be
applicable to future customers with similar needs cannot be
representative.

6. Usefulness: QA pairs that agents cannot use in the com-
pany knowledge base to address questions asked by other
customers in the future cannot be representative.

7. Information-Seeking: You should only select the
information-seeking QA pairs. Personal questions (e.g., what
is your name, address, etc.), chit-chat, or rapport-building
type QA pairs should not be included.

8. Understandable: If the question in the QA pair is related to
any product, then the product name must be clearly specified
in the representative QA pairs so that it is understandable.

After strictly following the above rules, generate your answer in an
array of JSON format, with the following keys:
(i) Representative Question
(ii) Representative Answer
(ii) Type
(iv) Explanation

Here, the value for type should be either "Rewritten” or
“Extracted”, where "Rewritten” means you rewrite it, while
"Extracted” means it has been extracted without any rewrite.
Moreover, Explanation will contain the reasoning behind
“rewriting", and it should be “N/A” if “Extracted”.

Note that you should only rewrite in case of urgency. For rewriting,
you can mix information from multiple questions and answers to
create the representative QA pair (if relevant) but ensure that your
representative QA pairs do not lose any important information.

If similar questions have different answers, you can keep both of
them if merging multiple answers into one representative is not
possible.

The question cluster is given below. Please construct the
representative QA pairs.

Question Cluster: [List of QA Pairs]
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Prompt: Evaluation of the Knowledge
Extraction and Recommendation Models
using LLM Judge

You are given the knowledge extracted from a customer-agent con-
versation in the form of question-answer (QA) pairs that would be
stored in the company’s knowledge base. This is done so that in
a future conversation between a new customer and a new agent in
the company, the agent can use the knowledge base to answer the
customer’s question if similar questions or concerns are asked by the
customer.
Your goal is to identify how many of the extracted QA pairs strictly
follow the following rules:

1. Not Time-Sensitive: QA pairs that are only applicable for a
certain time period (e.g., if something is due today) must not
be there.

2. Non-personalized and No PII: QA pairs that are specific
to certain customers and contain personally identifiable in-
formation (PII) or account-specific details (e.g., billing info,
addresses) must not be there.

3. Universal: QA pairs that are not general and not applicable
to future customers with similar needs, such that agents
cannot use the QA pairs in the company knowledge base to
address questions asked by any new customers, must not be
there.

4. Information-Seeking: Personal questions (e.g., what is your
name, address, etc.), chit-chat, or rapport-building type QA
pairs must not be there.

5. Customer-Focused: The selected questions must be some-
thing that are asked by the customer, not the agent.

6. Understandable: If the question is related to any product,
then the product name must be mentioned in the selected QA
pairs such that they are understandable when added to the
knowledge base.

7. Factually Correct: In comparison to the conversation con-
text, the QA pair should be factually correct.

Now, your goal is to identify the QA pairs that fulfill the above
criteria. For this, you are provided with the Conversation Transcript
and the list of QA pairs that are extracted from it. Please generate
your answer in the JSON format, with the following keys:

(i) Total Correct
(ii) Total Predicted
(iii) Justification

Here, Total Correct denotes the number of correct QA pairs,
Total Predicted denotes the total number of QA pairs provided,
while Justification denotes your reasoning behind your answer.

Transcript: [Call Conversation Transcript]

Extracted Questions: [List of QA Pairs]

A.4 Sample Errors

Error Examples: LLM Judge Labelling
Correct QA Pairs as Incorrect

Example 1:

Representative Question: What is [PLAT-
FORM X] and what are its features?
Representative Answer: [PLATFORM X] is a
digital platform for administering assessments.
It allows users to purchase digital assessment
administrations and reports. Users can conduct tests
in person, send a remote completion link to clients, or
manually enter responses from physical assessments
for digital scoring. The platform ensures secure
data transmission through encryption and adheres to
security guidelines.
Type: Extracted.
Explanation: N/A.

Example 2:

Representative Question: Do customers
need to purchase score reports separately when using
specific tests or assessments in an online format?
Representative Answer: Yes, score reports need
to be purchased separately even if using an online
format.
Type: Extracted.
Explanation: N/A.

Example 3:

Representative Question: What should a
customer do if they encounter a problem or technical
issue while placing an order online?
Representative Answer: If a customer encounters
a problem or technical issue while placing an order
online, they have a couple of options. They can try
clearing their browser’s cache, history, and cookies,
and then restarting the browser. Alternatively, they
can contact customer service for assistance, and the
agent can help them place the order over the phone
or manually process it.
Type: Rewritten.
Explanation: The representative question is
a combination of several similar questions to
encompass all the nuances of the issues. The
representative answer synthesizes the recommended
solutions from multiple QA pairs, providing both
self-service troubleshooting steps (clearing cache)
and direct support options (contacting customer
service for manual order placement). This approach
covers the different solutions offered and is more
comprehensive.
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